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Abstract

Learni ng by doing, especially spillover |earning, has
received nuch attention lately in nodels of industry evolution
and econom c growh. The predictions of these nodels depend on
the distribution of learning abilities and know edge fl ows across
firms and countries. However, the enpirical literature provides
little guidance on these issues.

In this paper, | use plant |evel data on a sanple of
entrants in SIC 38, Instrunents, to exam ne the characteristics
associated wth both proprietary and spillover |earning by doing.
The plant | evel data permt tests for the relative inportance of
wi thin and between firmspillovers. | include both forma
know edge, obtai ned through R&D expenditures, and infornal
know edge, obtained through |earning by doing, in a production
function framework. | allow the speed of learning to vary across
pl ants according to characteristics such as R& intensity, wages,
and the skill mx.

The results suggest that (a) “informal” know edge,
accunul ated t hrough producti on experience at the plant, is a much
nore inportant source of productivity growh for these plants
than is “formal” know edge gai ned via research and devel opnent
expenditures, (b) interfirmspillovers are stronger than
intrafirmspillovers, (c) the slope of the own |learning curve is
positively related to worker quality, (d) the slope of the
spillover learning curve is positively related to the skill mx
at plants, (e) neither own nor spillover |earning curve slopes
are related to R&D intensities. These results inply that
| earning by doing may be, to sone extent, an endogenous
phenonmenon at these plants. Thus, nodels of industry evol ution
that incorporate |earning by doing may need to be revised. The
results are also broadly consistent with the recent growth
nodel s.

Keywords: | earning by doing, productivity, spillovers.



1. INTRODUCTION

Econom sts have recogni zed that | earning by doing is a
significant factor in industry evolution (e.g., Spence, 1981,
Jarmn, 1994 and Jovanovi c and Nyarko, 1994) and an i nportant
source of economc growh (e.g., Gossman and Hel pman, 1992 and
Lucas, 1993 ). They have constructed several theories that
exploit learning by doing to explain a variety of economc
phenonmena. Yet nost enpirical evidence on |earning by doing is
l[imted to showi ng the exi stence of the |earning curve in various
settings.

If learning by doing is to play an inportant role in
econom ¢ nodeling, nore needs to be known about how know edge
generated via production experience! is translated into
i nprovenents in productivity. An assunption inplicit in many
theoretical nodels is that |earning by doing occurs
automatically. However, the slope of the l|earning curve (the
rate at which productivity increases for each doubling of
producti on experience) can vary significantly across firnms
(Jarmn, 1994). This suggests that the process of |earning by
doi ng may be nore conplex than is usually assuned.

Therefore, it is inportant to understand if and how | earni ng

curve sl opes vary across plants, firns or countries and if these

boas opposed to that gained through nore formal know edge generating

activities, such as research and devel opnent .
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differences are systematically related to any observabl e
characteristics of the plants, firns and countries invol ved.
This informati on can be used to assess the accuracy of the
assunptions used in the theoretical literature to date, and to
suggest new approaches for the future. At present, there are
only a handful of enpirical studies that are available to
determine the validity of the assunptions made in theoretical
nodel s.

In this paper, | extend this growing enpirical literature,
by exam ning the relationship between plant characteristics and
| earning by doing for a sanple of plants that enter SIC major
group 38, instrunents. Specifically, |I test four groups of
hypot heses concerning learning by doing. First, | |look at the
relationship between the quality (as proxied by wages) of both
producti on and non production workers and | earni ng by doing.
Second, | test for a correlation between |earning and the skil

mx at plants. Third, | examne the relationship between

| earning and R&D intensity.Finally, because I have plant |evel

data, | look at intra vs. inter firmlearning spillovers.
The rest of the paper is organized as follows. | first
provi de sone background in section Il. In section IIl, | outline

t he production function framework | adopt to exam ne | earning by
doing for a sanple of entrants in SIC 38. | discuss the data in

section IV. | present the enpirical results in section V and



concl ude the paper in section VI.

11. BACKGROUND

The literature on | earning by doing dates to Wight (1936).
The negative (positive) relationship between costs (productivity)
and experience discussed by Wight has been confirned enpirically
by several subsequent authors (see Al chian, 1963, Rapping, 1965,
Sheshi nski, 1967 and the Boston Consulting G oup, 1972). Arrow
(1962) did early theoretical work on | earning by doing. More
recent theoretical investigations have focused on the
inplications of |earning by doing for industry evolution and

econoni ¢ grow h.

A. Theoretical Results

In the industrial organization literature (10, researchers
have focused on the intertenporal link that |earning by doing
creates between the output strategies firns enploy today and the
t echnol ogi cal and conpetitive environnment in which they operate
in the future. Qutcones, in these nodels, depend on whet her
these strategies are viewed as strategic conplenents or strategic

substitutes? Strategic substitutes are likely when learning is

2 For an exanpl e see Jarmn (1994).
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proprietary (i.e., firnms can appropriate all the benefits of
their experience). In this case, firns have the incentive to
over produce early and invest in future cost reduction (see
Spence, 1981 and Fudenberg and Tirole, 1983). By doing this,
i ncunbent firms can exploit the |learning curve to gain an
absol ute cost advantage over potential entrants and deter entry.
However, if experience is, to sone extent, a public good, the
incentive to overproduce is dimnished since the ability of

i ncunbents to exploit the learning curve strategically is
curtailed (see Ghemawat and Spence, 1985). That is, output
strat egi es becone nore conplenentary the larger spillovers are
relative to proprietary learning. The actual market outcone
depends on the distribution of |earning benefits (both
proprietary and spillover) across firns.

G owmh theorists have exploited | earning by doing to
construct nodels of sustained economc growmh (see Stokey, 1988,
Young, 1991, and G ossnman and Hel pman, 1992). Lucas (1993)
argues that these nodels offer a conpelling explanation for the
differences in the growmh rates of simlarly endowed econom es,
such as Korea and the Philippines. Nanely, by producing a
“hi gher quality” mx of goods relative to the Phillippines,
Korean workers obtain, via |earning by doing, the human capital
necessary to produce even better goods. This is because

experience accunul ated from produci ng ol der, |ower quality goods



spills over to the newer and higher quality goods.

The extent to which nodels, in both the 10 and growth
literatures, can be said to accurately capture the essenti al
features of the phenonena they attenpt to describe, depends upon
the validity of their assunptions. Particularly inportant are
t hose about spillovers. In the IOliterature, the ability of
firms to strategically exploit the |earning curve to deter entry
depends on interfirmspillovers being weak relative to
proprietary learning. To generate sustai ned economc growh, it
IS necessary to assune that there are strong spillovers from

ol der generations of goods to newer, higher quality ones.

B. Enpirical Results

There is a | arge and growi ng body of enpirical evidence, on
the extent and nature of learning by doing in the econony, that
can be used to assess the validity of the assunptions used in
theoretical nodels. The early enpirical studies, nentioned
above, primarily test for the existence of |earning by doing and
offer little guidance in assessing the realismof recent
t heoretical nodels. Beyond detecting the presence of | earning,
it is inportant to know the relative inportance of proprietary
and spillover learning, the sources of spillovers, whether
| earning rates (both proprietary and spillover) differ across

plants, firms, industries and economes and, if so, what



characteristics are associated with these differences. There are
a handful of recent enpirical studies that address a few of these
i ssues. For conveni ence, these are summarized in table 1

Li eberman (1982, 1984) exam nes |learning, at the product
| evel, in the chem cal processing industries. He finds that
differences in learning rates across products are related to R&
and capital intensities but not to process type or the preval ence
of multi-plant operations in the industry. He assunmes price cost
mar gi ns are constant, over tine, so that he can use price, rather
than cost, as his dependent variable. He gives the conditions
under which price is an appropriate proxy for costs. These
include that the elasticity of demand is constant over time and
that experience is a pure public good. However, since he enploys
industry | evel data, he cannot directly test to see if these
conditions are satisfied.

Lester and McCabe (1993) | ook at plant |evel data on
comercial nuclear reactors fromthe U S. and France. They use a
measure of reactor unavailability as their dependent vari abl e.
Their results suggest that intrasite spillovers (nost sites have
mul tiple reactors) are stronger than intrafirmspillovers that
are, in turn, stronger that interfirmspillover. They al so show
that spillover learning rates are faster for information flows
comng fromreactors of the sanme type and from ol der reactors to

newer ones (i.e., intergenerational spillovers). Finally, they



show that |learning rates where lower for U S. plants than for
those in France. They attribute this to differences in market
structure across the two countries. Nanely, French reactors are
owned by a state run nonopoly and are nmuch nore standardi zed t han
are those in the U S. These conditions are nore conducive for
strong spillover |earning.

Jarmn (1994) estimtes a structural nodel of learning in
the early rayon industry. Although price is the dependent
vari abl e, the nodel does not inpose constant price cost margins.
The nodel also allows proprietary and spillover |earning
coefficients to vary by firm The results suggest that both
differed significantly across firnms in the early rayon industry.
The nodel al so contains paraneters that measure whether firns
accounted for the strategic inplications of |earning by doing in
maki ng their output choices. The results suggest that rayon
producers did not follow nyopic strategies and consi dered rival
reactions to their decisions.

Finally, Irwin and Kl enow (1994) |ook at firmlevel data in
the sem conductor industry. They also use price as the dependent
variable in a nodel that does not inpose constant price cost
margins. They find no intercountry differences in spillover
| earning and that Japanese firns learn no faster than U. S. firns.
In contrast to Lester and McCabe (1993), they find little

evi dence of intergenerational spillovers. Their results suggest



that sonme assunptions made in the growmh nodels may need to be

revi sed.

I11. MODEL

Learning by doing typically refers to the negative
rel ati onshi p between experi ence and average production costs.
The nost comon enpirical formulation is the log-linear |earning
curve, where the |og of average cost (or sone proxy, when cost
data are not available) is related to the I og of one or nore
i ndi ces of experience. Typical neasures of experience include
cunul ative output, cumulative investnent and tinme. Pl ant
specific (or firmspecific, depending on the unit of analysis)
i ndi ces of experience capture proprietary |earning by doing and
i ndustry w de indices neasure spillovers.

Learning can also be viewed froma production point of view
(see Rapping, 1965, Nguyen and Kokkel enberg, 1992 and Bahk and
Gort, 1993). The data | enploy in this paper require this
approach. Thus,| include neasures of experience in a Cobb-

Dougl as production function
o o} €y
Yip = AeMKitLifRiZXitZiPe 1)

where Y;; is value added for plant i in year t, K, is the book

val ue of capital, L;, is total enploynent and g;;, is the error



term

Three different types of know edge stocks are included as
inputs. First, R; is the stock “formal” know edge obt ai ned
t hrough investnents in research and devel opnent (R&D). Second,
X 1s a plant specific nmeasure of the stock of “informal”
know edge obtai ned t hrough experience. |In the analysis below, I
proxy this as the plant’s cunmulative output. Finally, Z,; is a
measure of the “informal” know edge obtai ned through the
experience of other plants in sane 4-digit SIC industry as plant
i. Al know edge stocks in this paper are beginning of period
st ocks.

Followi ng the typical practice, | rewite equation (1) as
Vil = a+ A+ alk- )+ (M-Dh o+ v(rg= 1) + 00— 1) + n(z- 1) + & (2

where the small letters denote natural logarithnms. This
expression can be estimated with OLS and the coefficient on |abor

measur es devi ations formconstant returns to scal e.

1V. DATA

| estimate (2) with data for plants entering SIC 38,
I nstrunents, after 1972. Entry can occur either by the birth of
new plants or by plants switching fromanother 2 digit SIC major
group. | choose to focus on entrants for two reasons. First,

| earning by doing is typically thought to be nore inportant for



new pl ants3  Second, because the data set | use does not contain
conplete histories for older plants, constructing precise own
cunmul ative output neasures for entrants only is possible.

The data for this study are taken fromtwo sources. First,
| extract annual data for plants operating in SIC nmajor group 38,
I nstrunents, fromthe Census Bureau’'s Longitudi nal Research
Dat abase (LRD) for the years 1972 through 1988. Second, | obtain
firmlevel data on annual research and devel opnent (R&D)
expenditures fromthe Survey of Research and Devel opnent.

To construct the sanples used in the analysis below, | place
the follow ng requirenents on the plant observations fromthe
LRD. First, plants nust enter SIC 38 after 1972. The LRD does
not contain a conplete history of plants that existed before 1963
and annual data are not available until 1972. Therefore, to
maxi m ze the accuracy of the cunul ative out put neasures,
exam ne learning at only those plants that enter after 1972.
allow plants to enter the industry either through birth or by
switching industries. Although plants that enter via sw tching
have accunul at ed producti on experience in their previous 2 digit

i ndustry, | conpute cunul ative output using only what plants

3 A nunber of enpirical studies suggest that the benefits of |earning

are short lived (e.g., Bahk and CGort, 1993 and Jarmn, 1994). Thus, existing
pl ants woul d be expected benefit |less fromlearning than new plants. Existing
pl ants may benefit from episodes of learning initiated by major capita

i nvestnments or product |ine changes. M definition of entry includes existing
pl ants that have dramatically changed their product mx as well as new births.
Identifying major capital investnments is nore problenmatic.
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produce after entering SIC 38.

Second, | require that plants be in the LRD and in SIC 38
for a mninmumof two years. This is the nost lenient restriction
on the nunmber of observations per plant that still ensures
the plant will have at |east one observation for which conputing
its cumul ative output is possible.

From 1972 to 1988 the LRD contains 57,116 plant/year
observations for 20,567 plants in SIC 384 The 5,992 plants that
nmeet the above requirements contribute 21,729 pl ant/year
observations, over this period. Wen these are matched with the
R&D data, the nunber of observations drops to 6, 704.

Vari abl e construction is described in the Appendix A Table
2 contains summary statistics for the base sanple and the R&D
subsanple. Note that the plants in the R& subsanple are much
| arger, nore productive and nore capital intensive than those in

t he base sanpl e.

V. EMPIRICAL RESULTS

Esti mates of equation (2), using these data, are provided
in table 3. To estimate (2), | replace the tinme trend with year

dummes. | also include dunmes for 4-digit SIC industry and for

* The LRD contains 7888 and 10, 193 plants in SIC 38 in 1977 and 1987,
respectively.
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the 9 census regions®. Finally, | also include dunm es that
control for whether plants are located in an urban (i.e., within
an SMSA) or non urban area and whet her they are owned by single

or multi establishment firns.

A. Basic Learning Regressions.

The first two colums of table 3 contain OLS estimates for
t he base sanple where formal stocks of know edge, proxied by R&D
stocks, are left out of the regressions. Significant |earning
el asticities are estimated for both own and spillover learning in
the first colum. The second colum contains the results when
constant returns to scale (CRS) is inposed. 1In this case, the
estimated spillover elasticity is not significantly different
fromzero. However, as the results in colum 1 show, the
hypot hesis of CRS is rejected in this specification.

The last four colums of table 3, contain estimates fromthe
R&D subsanple. Colum 3 includes both stocks of infornal
know edge, as neasured by own and industry wi de cumnul ative
out put, and formal know edge, as neasured by firmlevel stocks of
R&D. The estimated own |learning elasticity is still |arge and

significant. However, the spillover learning elasticity is

° These are New Engl and, M ddle Atlantic, East North Central, Wst North
Central, South Atlantic, East South Central, Wst South Central, Muntain and
Paci fic.

12



smal | er and no | onger significant®.

Al so, the estimated elasticity on the stock of firmR& is
smal|l relative to previous studies (e.g., Giliches and Miresse,
1984 and Hall and Mairesse, 1995). This may stemfromusing firm
| evel data in plant |level regressions. Nanely, not all of the
R&D stock of large diversified firnms (which nake up the bul k of
firms in the R&D data) is avail able and/or applicable to
i ndi vidual plants. Thus, follow ng Adans and Jaffe (1994) |
i ncl ude the nunber of plants owned by the firmas a neasure of
the relative scale of plant and firm operations to control for
this problem Unlike in Adans and Jaffe, including the nunber of
pl ants owned by the parent firmin the regressions, as in colums
5 and 7 of table 3, has little effect on the estimated R&D
elasticities for this sanple of plants.’

Finally, to relate learning elasticities to the nore
famliar notion of | earning curve slope, | use the formula, slope

=2t - 1, where b is the estimated elasticity (i.e., * or 0).

® To see if this is due to the specification change or to the sanple

used, | estimated the specification in the first colum on the sanple fromthe
third. The results, given in colum 4, indicate that the change in sanple is
responsi ble for the decrease in the estimated spillover elasticity.

" Adams and Jaffe did not limt their sanple to entrants as | am
however. Its possible that productivity enhancing process R&D benefits
established plants relatively nore than it does new ones. Likew se, new
pl ants produci ng new products are probably nore likely to be the beneficiaries
to product R&D. This may especially be the case in technically dynamc
i ndustries such as instrunents or conputers. Thus, the returns to R&D for
these plants may not be seen so nuch through productivity increases (what |I'm
measuring here), but by fact that they exist at all. Unfortunately, the
product detail in the LRDis not sufficient to see whether the entrants in
this sanmple are produci ng adequately novel products to support this
hypot hesi s.
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This nunber indicates the rate that val ue added per worker

i ncreases when own or industry w de cunul ative out put doubl es.
For the elasticities estimated in colum 5, this gives |earning
curve slopes of 15.8%for own learning and 7.6% for spillover

| earning. Rapping (1965) estimated the sl ope of the |earning
curve for World War |l Liberty ships to be between 11% and 29%
Al t hough their results are not directly conparable to m ne,

Li eberman (1984) and Irwin and Kl enow (1994) al so get estimtes

near 20%

B. Plant Characteristics and Learning by Doing

In this section, | exam ne the relationship between the
sl ope of the |earning curve and several observabl e pl ant
characteristics. These include worker quality, the skill m x and
R&D intensity. |If a relationship exists between these
characteristics, which can to sone extent be altered by plants,
and the slope of the learning curve, then it is likely that
pl ants can, at |least partially, influence the rate at which they
| earn by doi ng.

Learning by doing is typically thought to occur as workers
perfect their tasks or managenent finds better ways to organize
production. If this is the case, then we may expect plants with
hi gher quality workers to have steeper |earning curves. To test

this hypothesis, | proxy worker quality wth wages. For each
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plant, | conpute its average hourly production worker wage.

Then, for each year, | conpute the plant’s relative wage by
dividing its average hourly wage by the nean hourly wage for its
4-digit industry. Finally, | conpute the average rel ative wage
over all observations for each plant and use this as ny plant

| evel nmeasure of worker quality.

In the first two colums of table 4, | estimte separate own
and spillover learning elasticities for plants according to which
average (relative) wage quartile plants reside®. The results show
t hat plants paying, on average, higher production worker wages
have significantly higher own learning elasticities than plants
payi ng | ower wages®. For exanple, fromthe regression in the
first colum we see that the slope the own | earning curve ranges
from 13.8% (=2%1%-1) in the first wage quartile to 18.2% (=2°%241-

1) in the third quartile and 17.6% (=2%2%%-1) in the fourth. The

patterns of the own and spillover |earning curve slopes are

8 Nanely, | estimate variants of (2) where |I replace the terms *(X;¢ -
I;.) and 0(z;e - L) with

4 4
DD - 1) and dDmz, - 1y,
=1 =1

respectively, where D is a dummy for the jth wage quartile.

° For regression in the first colum of table 4 the Wald statistic for
the hypothesis that all plants have the sane own learning elasticity is P?3)
= 11.31 which is significant at the 5% level. A sinmlar test for the
regression in the second colum yields a test statistic of P?(3) = 12.16 which
is significant at the 1%l evel. The hypothesis that plants in the four
producti on worker wage quartiles have the sane spillover elasticity can not be
rejected at standard |l evels of significance for either of the regressions in
the first two col ums.
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summarized in panel (a) of figure 1. The positive relationship
bet ween the sl ope of the own | earning curve and production worker
quality is even stronger in second columm regression where plants
in the highest wage quartile have an own | earning curve sl ope of
22. 6% conpared with 13.1%for plants in the | owest quartile.

This coupled with the fact that plants that pay higher wages tend
to be larger and, therefore, gain production experience faster
inplies that high wage plants receive significantly nore benefits
fromplant specific |earning by doing than do | ower wage pl ants.
On the other hand, while there is a statistically and

econom cally significant relationship between production worker
quality, as proxied by wages, and own |learning, there is no
significant relationship between spillover |earning and worker
quality at these plants.

The finding that production worker quality is positively
associated wth proprietary learning by doing is consistent with
the notion that own | earning occurs as workers perfect their
tasks. The first two regressions, in table 4, show that higher
qual ity production workers perfect their tasks nore quickly than
do |l ower quality workers.

In the last two colums of table 4, | estimate simlar
regressions for non production worker wages. The LRD does not
contain data for hours worked by non production workers.

Therefore, the quartiles in these regressions refer to average

16



relative annual non production worker wages. The hypot hesis of
equal own learning elasticities can be rejected for both non
producti on worker specifications?, However, as panel (b) of
figure 1 shows, the pattern is less clear than in the production
wor ker case. Nevertheless, it appears that the ability of plants
to learn fromtheir own production experience is positively
related to the quality of both its production and non-production
wor kers. Worker quality does not, however, appear to be related
to the ability of plants to learn fromspillovers.

In addition to its quality, the conposition of the plant’s
wor kf orce may affect how the plant learns fromboth its own and
spill over experience. |In particular, plants with a higher
proportion of skilled workers may be nore able to benefit from
| earning, all el se equal

In table 5, | examne the effect of the skill mx on a
plant’s ability to learn by doing. A plant’s skill mx is
proxied by its share of non production workers to total
enpl oynent .  The higher this nunber, the nore skilled is the
plant’s workforce. The patterns of the estimates across the
skill mx quartiles suggest that plant’s using nore skilled

wor kers have | ower own | earning coefficients and hi gher spillover

19 The wald statistics are P2(3) = 18.47 and P?(3) = 10.05 for the
specifications in colums 3 and 4, respectively.

M This is an adnittedly crude measure but it the best one available in
the LRD. It has been used with sone success by Bernard and Jensen (1996) and
Dunne, Hal tiwanger and Troske (1996).
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coefficients. This result nmakes sense if one believes that
know edge, even informal know edge, generated outside the plant
requires nore skilled workers to make it applicable to the

pl ant’s operations. However, this pattern is statistically
significant'2for the regression in the first colum only. These

results are depicted in panel (a) of figure 2.

Finally, as in Lieberman (1984), | exam ne the rel ationship
bet ween R&D and the slope of the learning curve. He found that
nmore R&D intensive industries had steeper |earning curves. To ny
know edge, this relationship has not been tested at the plant or
firmlevel. 1In table 6, | performa simlar exercise as | did
tables 4 and 5. To classify plants according to R&D intensity, |
conpute the average R&D intensity of their parent firmover the
plant’s tenure in the LRD

Again, | estimte separate own and spillover |earning
el asticities for each average R&D intensity quartile. The
results indicate that there is no significant difference in

either own or spillover learning elasticities across R&D

2 0n the first colum of table 5, the hypot hesi s of equal own |earning
elasticities across the skill mx quartiles is not rejected with Wald
statistic of P? (3) = 3.70, however the hypothesis that the own | earning
coefficients for the highest and | owest quartiles are equal can be rejected at
the 10% 1l evel (P2 (1) = 2.74). The hypothesis of qual spillover coefficients
across the skill mx quartiles is rejected at the 1% level with a Wald
statistic of P2 (3) = 14.31. Neither the equal own or equal spillover
| ear ni ng hypot heses can be rejected even at the 10% Il evel for the regression
in colum of table 5.
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intensity quartiles for these plants. The results fromthe first
colum regression in table 6, are shown in panel (b) of figure 2
that highlights the lack of a relationship between R& intensity
and either own or spillover |earning by doing. Thus, the
correlation, between R& intensity and the sl ope of the |earning
curve, that Lieberman found in product |evel data for the

chem cal industry does not appear in these plant |evel data for

SI C 38.

C. Inter vs. Intrafirm Spillovers

As nentioned above, the study by Lester and McCabe (1993) is
the only one that conpares intra and interfirmspillovers. The
nucl ear power industry is rather unique, however, and it woul d be
interesting to see if their results hold up for different
industries. Table 7 presents estimates fromregressions that
exam ne this issue.

The sanple used for the regression in the first colum is
restricted to those plants owed by firns that have at |east two
plants in a given 4-digit industry wwthin SIC 38. This
regression contains estimates of own and both intra and interfirm
spillovers. The results suggest that, for the sanple of plants

exam ned here, intrafirmspillovers are quite small conpared with
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interfirmspillovers! This result runs counter to intuition

t hat suggests that plants should benefit nore fromthe experience
of other plants owned by the same parent firm It is also
contrary to the results Lester and McCabe found for nuclear
reactors.

The second col um contains estimtes where | include firm
and industry |level stocks of experience only (where “firnf
includes all plants in a 4-digit industry owned by the firm.
Note that, even when firm experience includes the plant, the
coefficient on own firmexperience is less than a third as |arge

as the own plant experience coefficient fromthe first col um.

The results in table 7 provide additional evidence that the
| earning curve is not an effective tool for entry deterrence.
Not only are there spillovers, but these spillovers tend to be
stronger across plants belonging to different firnms than they are

across plants within the firm

Vl. Conclusions
In this paper, | exam ned the relationship between several
pl ant characteristics and |learning by doing. | enployed a data

set consisting of plants that entered SIC major group 38,

¥ The statistical significance of this result is marginal, however. A
VWAl d test for the equality of the intra and interfirmspillover elasticities
is significant at only the 10.4% | evel (P? (1) = 2.64). But the result is
econom cally significant with the interfirmspillover elasticity being 62.5
times the magnitude of the intrafirmspillover elasticity.
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instrunments, after 1972. | tested several hypotheses concerning
the rel ati onshi p between observabl e plant characteristics and

| earning by doing. The results suggest that (a) “informal”

know edge, accumul ated through producti on experience at the
plant, is a much nore inportant source of productivity growh for
these plants than is “formal” know edge gai ned via R&D
expenditures, (b) interfirmspillovers are stronger than
intrafirmspillovers, © the slope of the own |learning curve is
positively related to worker quality, (d) the slope of the
spillover learning curve is positively related to the skill mx
at plants, and (e) neither own nor spillover |earning curve
slopes are related to R&D intensities.

These results have inportant inplications for economc
nodel s incorporating |learning by doing. First, the finding that
interfirmspillovers are stronger than intrafirmspillovers adds
to the evidence that the learning curve is an ineffective tool
for entry deterrence. Second, to the extent that plants and
firms can control the quality and skill mx of their workforces,
the finding that |earning curve slopes are related to worker
quality and the skill m x suggests that |earning curve slopes are
endogenous. That is, not only can plants control their rate of
productivity growth by changing the rate at which they accumul ate
experience, but they can alter the rate at which equal increnents

in the stock of experience increase productivity. This suggests
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that we may need nuch richer nodels of industry evolution in
cases where |l earning by doing is considered.

Finally, the findings on worker quality and the skill mx
are consistent wwth the recent growh nodels. These nodels
suggest that, by working near the limt of their know edge, high
quality workers continually learn the skills necessary to produce
even nore conpl ex goods and services and that this process |eads
to sustained economc growh. Further, they provide an
expl anation for why countries with | ower skilled workforces have
adifficult time catching up with the higher skilled devel oped
countries. The results in this paper provide evidence, at the
mrco level, that higher skilled workers are those that |learn the

nmost .
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Table 1
Summary of Recent Studies

Paper | ndustr |Unit of Dependent Experi ence Spi |l | over Learni ng curve
y Cbservat |variable | ndi ces Sour ces sl ope al | owed
i on to vary
Li eberm | Chem ca | Product Price Cumul ati ve | ndustry by R&D
an I's (const ant Qutput, Tinme |Wde intensity,
(1984) mar gi ns) capital
intensity,
i ndustry

concentration,
and mul ti-pl ant
oper ati ons

Lester Nucl ear | Reactor React or React or Age Intra-site, by vi nt age,
and Power (pl ant) Avai l ability Intra-firm reactor cl ass,
McCabe Inter-firm vendor and
(1993) country
Jarmn Rayon Firm Price Cumul ati ve Inter-firm by firm
(1994) (vari abl e Cut put
mar gi ns)

I rwin Sem - Firm Price Curul ati ve Inter-firm by country and
and conduct (vari abl e Qut put (both wthin |[chip generation
Kl enow ors mar gi ns) and across
(1994) countries),

I nt er gener at

ion
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Table 2
Summary Statistics

Large Sanpl e R&D Subsanpl e
Mean Mean
Nunber of 21,729 6, 704
Qbservati on
Nunber of Plants 5,992 1, 383
First Year 79.7 79.6
Last Year 85.5 85.0
Tenur e 5.8 5.4
Cbservati ons per 3.6 4.9
Pl ant
Enpl oynment, 1987 114 331
VA/ L, 1987 57, 346 66, 394
K/L, 1987 26, 468 30, 442
X/L, 1987 560, 904 724,787
Z/ L, 1987 10, 855 4,653
(tn mllions)
R&D/ L, 1987 - 14, 403, 638
pl ant share, 1987 - 0. 197

Not es: Fi rst Year

is the first year
observed in SIC 38 in the LRD. Last Year

in which the plant is

is the | ast

year up to 1988 for which the plant is observed in SIC
38 in the LRD. Tenure is (First Year) - (Last Year).
(bservations per plant are the nunber of tines the

pl ants are actually observed in the LRD over the 1972-
1988 period. VA/IL is value added per enployee. K/L is
the capital/labor ratio. X/L is the plant specific
stock of experience per worker. Z/L is the stock of (4-
digit) industry w de experience net of X per worker.
R&GDY L is the stock of R&D per worker and plant share is
the ratio of plant for firmshipnments for plants owned
by R&D performing firnms. Further details on variable
sources and construction are avail able in Appendi x A
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Tabl e 3: Basic Learni ng Regressions
Dependent vari abl e:
(Absolute t-statistics in parentheses)

| og( VA/ L)

1 2 3 4 5 6 7
| og(L) 0. 183" 0.138 0.119 0.136
(3.578) (1.632) | (1.389) | (1.613)
| og( K/ L) 0.138" 0.137" 0. 104 0.111" 0. 104 0.103" | 0.103"
(16.450) | (16.387) | (6.663) | (6.912) | (6.666) | (6.620) | (6.624
)
| og( X/ L) 0.211" 0.210" 0.211" 0.219" 0.211" 0.210° | 0.210°
(22.358) | (22.288) | (13.912 | (14.379 | (13.877 | (13.894 [ (13.85
) ) ) ) 9)
| og(Z/ L) 0.176" -0. 005 0.108 0.104 0.105 | -0.028 -
(3.465) | (0.987) | (1.288) | (1.230) | (1.257) - 0. 029"
3. 225) -
3.241)
| og( R/ L) 0. 034" 0. 036" 0.034" | 0.036
(8. 405) (6.351) | (8.320) | (6.299
)
| og(# of 0. 005 0. 005
pl ant s) (0.438) (0.435
)
R 0.243 0.242 0.220 0.211 0.221 0.220 | 0.220
N 11, 905 11, 905 5, 026 5, 206 5, 024 5,026 | 5,024
Notes: Al regressions also include a constant, year
dumm es, 4-digit SIC dunmm es, region dumm es and

dumm es for whether the plant
is owned by a multi

area and whet her
* denotes significant at the 1% evel.

it
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Table 4
The Effects of Production and Non-Producti on Wrker Wages on
Lear ni ng
(Absolute t-Statistics in Parentheses)

Pr oducti on Non-
Wor ker s Pr oducti on
Wor ker s
1 2 3 4
| og(L) 0. 205" 0.123 0. 198" 0.134

(4.037 | (1.454) | (3.883 | (1.564

| og( K/ L) 0.128" | 0.094" | 0.130" | 0.096"
(15.37 | (6.150) | (15.39 | (6. 108

| og( R&D) 0. 033" 0. 032+
(5. 995) (5. 602
)
| og(# of 0. 001 0. 001
pl ant s) (0.107) (0.062
)
a | o0.186 | 0.2777 | 0.185 | 0. 180"
(13.63 | (9.351) | (13.65 | (8.904
4) 0) )
[ og( X/ L)
@ | 0205 | 0.204 | 0.202" | 0. 199
by average (13.65 | (10.927 | (13.94 | (9. 162
wage 0) ) 2) )
artile
quarti @ | 0.241° 0.258" | 0.261"
(13.61 | 0.273° | (17.64 | (11.42
2) 4) 3)
(7.851)
o | 0235 | 0.204 | 0.258° | 0.253
(15.38 | (7.331) | (17.56 | (3. 931
4) 2) )
o [ o018 | 0.095 | o0 184 | o0.108
(3.699 | (1.151) | (3.644 | (1.295
) ) )
log(Z/L)
@ [o0.188 | 0.006 |0 186 | 0.110
by average (3.742 | (1.165) | (3.658 | (1.310
wage ) ) )
artile
quartt ® | 0.179° | 0.074 | o0.168° | 0.090
(3.528 | (0.883) | (3.294 | (1.068
) ) )
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0.182° | 0.063 | 0.186" | 0.085
(3.613 | (0.740) | (3.668 | (0.993
) ) )
R 0.253 0.235 0. 247 0.227
N 11, 901 5021 11,803 | 4994
Not es: Al'l regressions also i nclude a constant,
dumm es, 4-digit SIC dumm es, region dumm es and

dumm es for whether the plant

whet her it
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Table 5
The Effect of the Skill Mx in Learning
(Absolute t-statistics in parentheses)

| og(L) 0.171" 0.135
(3.339) | (1.560)
| og( K/ L) 0.133" 0. 099"
(15.926 | (6.420)

)
| og(R&DY L) 0. 035
(6.253)
| og(# of plants) 0. 005
(0. 478)
QL 0. 220" 0.231"
(15.500 | (9.751)

)

l og( X/ L)

Q@ 0.219" 0.222"
by Skill (14.371 | (8.513)

Quartile )
o] 0.202" 0.197"
(12.903 | (7.469)

)
¢’ 0.191" 0. 200"
(13.246 | (8.638)

)
QL 0. 156" 0. 089
(3.081) | (1.068)
| og(Z/ L) Q@ 0. 162" 0. 095
(3.161) | (1.110)

by Skill
C%art:|e @ 0.171" 0.106
(3.350) | (1.247)
¢ 0.181" 0. 107
(3.517) | (1.250)
R 0.249 0.221
N 11, 905 5010
Not es: Al'l regressions also include a constant, year

dumm es, 4-digit SIC dunm es, region dumm es and
dumm es for whether the plant in an urban area and
whether it is owed by a multi plant firm

* denotes significant at the 1% evel.
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Table 6
The Effect of R&D Intensity on Learning
(Absolute t-Statistics in Parentheses)

| og(L) 0.181" | 0.153"
(2.493) | (1.791)
| og( K/ L) 0. 108" 0. 104"
(7.617) | (6.500)
| og( R&D) 0. 024"
(3.157)
| og(# of plants) -0.001
(0. 096)
QL 0.191" 0.197"
(9.898) | (8.221)

l og( X/ L)
Q 0. 204" 0.197"
by R&D (9.528) | (8.176)

til

Quartile ® | o0.265° | o0.252

(11.370 | (9. 744)
)

o7} 0.185 0. 180"

(8.361) | (7.467)

QL | o0.167" 0.129

(2.320) | (1.530)
l og(Z/L)

@ | o.166" 0.130

by R&D (2.316) | (1.548)
artile

Quarti @ | 0.149" | o0.113

(2.028) | (1.326)

@ | 0.180" | 0.141"

(2.476) | (1.666)

3 0.211 0.224

N 6167 4945

Not es: Al'l regressions also include a constant, year

dumm es, 4-digit SIC dunm es, region dumm es and
dumm es for whether the plant in an urban area and
whether it is owed by a multi plant firm

* denotes significant at the 1% evel.

** denotes significant at the 5%/ evel.

*** denotes significant at the 10% | evel .

29



Table 7
Intra vs InterfirmSpillovers
(Absolute t-Statistics in Parentheses)

| og(L) 0.132"" 0. 146" 0. 165"
(1.736) | (2.333) | (1.646)
| og( K/ L) 0.119" 0.123" 0. 105
(8.658) | (10.532) | (5.871)
log(R/L) 0. 038"
(5. 246)
| og(# of plants) 0. 015
(1.118)
| og( X/ L) 0.182" 0. 189"
(13.781) (11.133)
| og( F/ L) 0. 054"
(10. 414)
l og((F-X)/L) 0. 002" 0. 0002
(2.274) (0. 175)
log((Z-F)/L) 0.125"" 0.131" 0.115
(1.645) | (2.113) | (1.188)
R 0.205 0. 154 0.212
N 5451 8335 3689
Not es: Al'l regressions also include a constant, year

dumm es, 4-digit SIC dumnm es, region dumm es and
dumm es for whether the plant in an urban area.

* denotes significant at the 1% evel.

** denotes significant at the 5%/ evel.

*** denotes significant at the 10% | evel .
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Figure 1
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(b)

Figure 2

Learning and the Skill Mix
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APPENDIX A

Thi s appendi x descri bes derivation of sonme of the variables used
in the paper.

Value added is deflated using the 4-digit SIC deflators fromthe
NBER Productivity Database (see Bartel sman and Gray, 1995).

Capital is the book value of machinery and structures assets
deflated by BEA's 2-digit capital stock deflators.

R&D Stock is conputed for each firmas R, = (1-*)R.;+r;,.; where
R: is the R&D stock for firmj in year t and r;; is firmj’s
R&D expenditures in period t. These stocks are conputed
using the total R&D figure reported in the NSF R&D Survey.
| use the commonly applied 15% depreciation rate for R&
stocks (see Hall and Miresse, 1995).

Own Cumulative Output is conputed as X, = X1 + .5(0istQis.
1) (yeargs-yearg ,-1) + Qis.;, Where X, is cunul ative out put for
t he st" observation of plant i, ;s is real output and year,
is the year in which the s'" observation occurs. Real
output is conputed as the total value of shipnents adjusted
for changes in inventories and deflated with the NBER 4-
digit deflators. This neasure tries to account for the fact
the we do not observe many plants in LRD annually. Most
smaller plants are in the LRD once every five years,

corresponding to the Census of Manufactures. |, therefore,
i npute the change in cunul ative output for these smaller
pl ant s

Industry Cumulative Output is conputed as 7, =Z;,.; + Q;.; where
Z, is cunulative industry output in periodt and Q, is rea
output for the j'" 4-digit industry in period t. |Industry
output is given by Q, = Yi5(w.q;,) for t= (72, 77, 82, 88)
and Q, = Y, 4(qy) for t= (72, 77, 82, 88), where w, is a
survey weight that is inversely proportional to the plants
probability of being sanpled in the Annual Survey of
Manuf act ures (ASM .
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APPENDIX B. Econometric Issues

There are a nunber of econonetric issues to consider in
estimating nodels such as (2). First, it may be inappropriate to
vi ew sonme of the right hand side variables, such as |abor, as
exogenous. Solutions to this probleminclude using instrunental
variables (IV) or estimating a nulti equation structural nodel.
| do not have sufficient data to estimate a structural nodel so |
present |V estimates in table A 1. | use |agged val ues of
enpl oynent, capital per worker and know edge stocks, in addition
to the exogenous dummy variables, as instrunents. The results
indicate that the IV estimates do not differ greatly fromthe QLS
esti mat es.

Anot her potential problemis that the right hand side
vari abl es may be correlated with unobserved plant characteristics
and OLS estimates of (2) are biased. |If these unobserved pl ant
characteristics are fixed over tinme, one can elimnate themin
panel data by differencing. Table A 2 contains results from
several difference regressions. The results in the first two
colums show that first differencing reduces the magnitude of the
capital coefficient relative to the levels estimates in table 3.
Al so, the estimated own | earning coefficients have the wong
sign. Wile first differencing my sweep out plant fixed
effects, it may al so increase the inpact of measurenent error
(see Giliches and Hausman, 1986). This may explain the | arge
and significant negative returns to scale coefficient.

One way to get around this is to use |onger differences.
report estimates fromthird difference regressions in the final
four colums of table A 2. They appear nore reasonable than the
first difference results in that the own | earning coefficients
are no | onger negative. However, although they are closer to
zero than in the first difference regressions, the returns to

scal e coefficients still indicate significant decreasing returns
to scale. This suggests that neasurenent error may still be a
pr obl ent4,

Enpl oyi ng i nstrunmental variables or differencing reduces the
nunber of observations available for estimation. Further, it is
not clear that these nethods yield better estimates. | often use
either restricted sanples or estimate separate |earning
coefficients for different subgroups of plants. D fference or |V

14 Taki ng |l onger differences may elimnate this problembut it reduces
the sanpl e even nore severely.
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estimati on net hods woul d i npose severe restrictions on the nunber
of observations available for these regressions. Therefore,
estimate all of the regressions, in the paper, in levels to take
advant age of the | argest nunber of observations possible.
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Table A 1
Vari abl e Esti mat es

| nstrument al

(Absolute t-Statistics in Parentheses)

as |V
| og(L) 0.233" 0. 267
(2.149) (1.179)
| og( K/ L) 0. 082" 0. 082" 0.102" 0.101"
(4.190) | (4.172) | (4.416) | (4.354)
| og( X/ L) 0.311° 0. 310 0.284 0.281
(14.767 | (14.734 | (13.454 | (13.375
) ) ) )
| og(Z/ L) 0.183"" | -0.041"" 0.241 -0.024
(1.745) | (2.101) | (1.071) | (1.164)
| og( R/ L) 0. 030" 0. 028" 0. 035" 0. 035"
(4.297) | (4.007) | (4.707) | (4.719)
| og(# of -0. 002 -0. 040 -0. 003 -0. 003
pl ant s) (0.149) | (0.019) | (0.216) | (0.202)
R 0. 250 0. 249 0.248 0. 247
Not es: N=3503. AlIl regressions also include a constant,

year dumm es, 4-digit SIC dumm es,
dumm es for whether the plant in an urban area and
whether it is owed by a nmulti plant firm Instrunments
i nclude all the exogenous dunmy vari abl es plus | agged
val ues for capital, R&D, own and industry w de
experience and | og(# of plants) of firm shipnents.

* denotes significant at the 1% evel.

** denotes significant at the 5%/ evel.

*** denotes significant at the 10% | evel .

regi on dunm es and
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Table A 2
Di fference Estinates
(Absolute t-Statistics in Parentheses)

First D fferences

Third D fferences

const ant 0. 059 0.075 | 0.043 | 0.037 - 0.087" | 0.024
(4.85 [ 0.0001 | (4.023 | (2.694 | (1.535 | 0.051" | (2.451 | (0.758
7) (0.013 ) ) ) (2.341 ) )
) )
| og(L) - -0. 343 -0. 217 -0. 264
0. 355° (2.708 (5. 567 (3.306
(6.53 ) ) )
9)
| og( K/ L) 0.042° | 0.067° | 0.042 |0.051"* | 0.041 | 0.052° | 0.042 |0.053"
(3.982 | (1.447 | (1.704 | (2.260 | (2.779 | (1.413 | (1.726
(2.57
) ) ) ) ) ) )
3)
| og( X/ L) - - -0.156" [-0.122° | 0.022 | 0.065" | 0.009 | 0.028
0.134° | 0.042" [ (3.617 | (3.136 | (0.936 | (2.652 | (0.281 | (0.832
(4.66 (1.647 ) ) ) ) ) )
1)
)
| og(Z/ L) 0.014 | 0.157 |-0.046 | 0.029 | 0.010 | 0.114° |-0.038 | 0.037
(0.52 [ (5.675 | (1.172 | (0.692 | (0.404 | (4.844 | (0.782 | (0.801
2) ) ) ) ) ) ) )
| og( R/ L) 0.007 | 0.064 0.006 | 0.043"
(0.288 | (2.730 (0.375 | (2. 457
) ) ) )
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| og(# of 0.039 | 0.163 0.013 | 0.102
pl ant s) (0.612 | (3.340 (0.379 | (3.153
) ) ) )
R 0.032 | 0.019 | 0.027 | 0.021 | 0.040 | 0.030 | 0.039 | 0.032
N 7147 | 7147 | 3315 3315 3470 3470 1683 1683

* denotes significant at the 1% evel.
** denotes significant at the 5%/ evel.

*** denotes significant at the 10% | evel .
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